Purpose: We evaluate the lesion detectability using human and model observer studies in singleslice and multislice cone beam computed tomography (CBCT) images with a breast anatomical background. The purposes of this work are (a) to compare human observer detectability between single-slice and multislice images for different signal sizes and noise structures, (b) to investigate the effect of different multislice viewing modes (i.e., sequential and simultaneous) on the detectability by a human observer, and (c) to predict the detectability by a human observer in single-slice and multislice images using single-slice channelized Hotelling observer (ssCHO) and multislice CHO (msCHO), respectively. Methods: Breast anatomical background is modeled using a power law spectrum of mammograms and the lesion is modeled with a spherical signal. We conduct signal-known-exactly and backgroundknown-statistically detection tasks on transverse and longitudinal images reconstructed using the Feldkamp-Davis-Kress algorithm with Hanning and Ram-Lak weighted ramp filters. The human observer study is conducted on three different viewing modes: single-slice, and sequential and simultaneous multislice. To predict the detectability by a human observer, we use ssCHO and msCHO with anthropomorphic channels (i.e., dense difference-of-Gaussian (D-DOG) and Gabor channels) and internal noise. Results: The detectability by a human observer increases for multislice images compared to singleslice images. For multislice images, the sequential viewing mode yields higher detectability than the simultaneous viewing mode. However, the relative rank of detectability by a human observer for different signal sizes, image planes, and reconstruction filters is not much different between the viewing modes. Detectability by CHO with internal noise shows good correlation with that of the human observer for all viewing modes. Conclusions: Detectability by a human observer in CBCT images with breast anatomical background is affected by the image viewing mode, and the effect of the viewing mode depends on the signal size and noise structure. D-DOG and Gabor CHO with internal noise predict the detectability by a human observer well for both the single-slice and multislice image viewing modes.
INTRODUCTION
Breast anatomical background is a significant problem that impedes lesion detection in mammograms, breast tomosynthesis, and breast cone beam computed tomography (CBCT) images. 1 Compared with mammography and tomosynthesis, the CBCT system is superior in reducing anatomical overlapping, and thus, lesion detectability can be improved significantly. In CBCT imaging, several imaging parameters (e.g., reconstruction filters, kVp, mAs, etc.) are used to optimize image quality. However, optimal imaging parameters for a specific task may not be optimal for another one, and thus, task-based assessment should be conducted to optimize the CT image quality. 2 As humans use CT images for the final diagnosis, a human observer study is an essential part of a task-based assessment. Human observer studies have been conducted to evaluate the detectability in single-slice CT images with various imaging parameters. [3] [4] [5] [6] [7] In our previous study, human observer study was conducted for single-slice breast CBCT images, where the effect of different noise structures and image planes on detectability was investigated. 8 Past studies have shown that using multislice images improves detectability in spiral CT 9 and single photon emission CT (SPECT) images. 10 Since three-dimensional (3-D) CBCT images contain more useful information for lesion detection than singleslice images, it is desirable to use multislice images in a human observer study. One obstacle is the overwhelming datasets processed by the human observer since a specific task should be evaluated using CBCT images reconstructed with different imaging parameters, which is both time-consuming and expensive.
Anthropomorphic model observers have been developed to replace the human observer. 11, 12 Among these, the channelized Hotelling observer (CHO) with anthropomorphic channels, such as dense difference-of-Gaussian (D-DOG) and Gabor channels, has shown the successful prediction of lesion detectability by a human observer in single-slice CBCT images. [3] [4] [5] To evaluate detectability in multislice images, the single-slice CHO (ssCHO) model has been extended to the multislice CHO (msCHO) model, where anthropomorphic channels, internal noise, integration of multislice information, and a template estimation method are used [13] [14] [15] [16] [17] [18] to predict detectability by a human observer. Detectability by the msCHO model has shown good correlation with that of human observers in tomosynthesis and SPECT images. 13, 16, 17 For CBCT images, recent studies have shown correlation between msCHO and human observers with a uniform background. 15, 19 However, the presence of breast anatomical background in CBCT images can be an additional factor used to confound human observer performance with quantum noise. Furthermore, an appropriate multislice model observer modeling the human observer performance on CBCT images in the presence of both breast anatomical background and quantum noise has not yet been investigated and would be very helpful in optimizing breast imaging system.
In this work, we evaluated the detectability by a human observer in single-slice and multislice CBCT images with breast anatomical background, generated by computer simulations using a power law spectrum of mammograms. Our aims were (a) to compare the detectability by a human observer between single-slice and multislice images for different signal sizes and noise structures, (b) to investigate the effect of different multislice viewing modes (i.e., sequential 20 and simultaneous 10 viewing modes) on the detectability by a human observer, and (c) to predict the detectability by a human observer in single-slice and multislice images using ssCHO and msCHO, 14 respectively. The rest of this paper is organized as follows. In Section 2, we describe the CBCT image generation, the detection task, and the human and model observer studies. In Section 3, we compare the human observer detectability in single-slice and multislice images and show the correlation between human and model observer detectability. In Section 4, we present conclusions and discuss our findings.
MATERIALS AND METHODS

2.A. Image generation
2.A.1. The breast anatomical background
Breast anatomical background was represented by breast anatomy structures characterized by a two-dimensional (2-D) power spectrum:
where f is the radial frequency, K is a scaling factor, and b is an exponent. 21 Estimates of b for real clinical mammograms have been reported as approximately 3. 21 The value of K is determined by binary attenuation coefficients 22 because breast anatomy consists mainly of glandular and adipose tissues. 23 Using these characteristics, we filtered 512 9 512 9 512 voxels of Gaussian noise with the same size of 3-D kernel (1=f 3=2 ). Note that we extended the 2-D power spectrum in Eq. (1) to 3-D using the central slice theorem. 24 The infinite value of the 3-D kernel at f = 0 was replaced by twice the maximum finite kernel value. 25 Following this, we extracted the central sphere of 128 voxels in diameter to avoid the boundary effect. 12 Next, we replaced the top 50% voxel values with the attenuation coefficient of glandular (0.233 cm À1 ) and the lower 50% voxel values with the attenuation coefficient of adipose (0.194 cm À1 ), [26] [27] [28] representing 50% of the volume glandular fraction (VGF). Note that we used the attenuation coefficients at 50 keV energy. 29 The voxel size of the breast anatomical background was 0.16 9 0.16 9 0.16 mm 3 and the corresponding volume size was 20.48 9 20.48 9 20.48 mm 3 .
2.A.2. Lesion insertion
We used a spherical signal to model a lesion. 26 To insert the signal, we replaced the values of breast tissues in the signal region with the attenuation coefficient of the signal. Note that we used the attenuation coefficient of the breast mass (0.238 cm À1 ) for the signal and the lesion insertion was independent of the background tissue. 26, 29 When the lesion was located at the isocenter, any potential nonideal effects such as aliasing would be canceled, which might introduce bias in the detectability. Thus, we moved the position of the signal slightly (i.e., 2 pixels along the x, y, and z directions) from the center of the breast volume. Signal diameters were 1 and 2 mm.
2.A.3. CBCT data acquisition
With the generated breast anatomical background volume, we acquired CBCT projection data using forward projection which computed the radiological path from the x-ray source to the detector pixels. 30 Data acquisition was performed with a full cone beam geometry, and the simulation parameters of CBCT system are summarized in Table I . We followed the data acquisition geometry of the UC Davis prototype, where magnification was approximately 1.9 and the detector cell size was 0.388 9 0.388 mm 2 in 2-by-2 averaging mode. 23, 31 To reduce aliasing, we used a detector quarter offset. The voxel size of the breast anatomical background volume Uniform Poisson noise (6914 photons/detector pixel) was generated to model quantum noise, which was an equivalent dose used in mammography (i.e., 6.4 mGy for breast with 50% VGF and 14 cm diameter). 33 Log-normalized Poisson noise was added to the projection data. The Feldkamp-Davis-Kress (FDK) reconstruction 34 was used to reconstruct projection data with Hanning or Ram-Lak weighted ramp filters. The reconstruction filter profiles are shown in Fig. 1 . Using filtered projection data, voxel-driven back projection was performed with linear interpolation on 100 9 100 9 100 voxels of reconstructed volume.
2.B. Image preparation
We prepared signal-present and signal-absent datasets to conduct the binary detection task. For the signal-present data, we extracted a 64 9 64 9 64 voxel volume from the reconstructed volume with the signal in the center, and we extracted the same volume-of-interest as the signal-present volume for the signal-absent data. To evaluate the detectability in single-slice images, we used central x-y and x-z slices for the transverse and longitudinal planes, respectively, and to evaluate the detectability in multislice images, we used nine each of the central x-y slices and x-z slices. Note that the rotational axis was the z-axis, as shown in Fig. 2 . Note that the central slice containing the maximum signal energy was the 33rd slice and the nine adjacent slices were from the 29th to the 37th slice.
Four types of noise images were generated by combining the two reconstruction filters and the two image planes, as summarized in Table II , with the corresponding sample images shown in Fig. 3 .
2.C. The four alternative forced choice (4AFC) detection tasks
We conducted signal-known-exactly/background-knownstatistically (SKE/BKS) 4AFC detection tasks. Hypotheses for the signal-absent (H 0 ) and signal-present (H 1 ) cases are given by
where f b is the breast anatomical background, f s is the signal, f n is the CT noise, and g is a single-slice or multislice image.
2.D. The human observer study
Five human observers (graduate students with experience of more than 3 yr in human observer experiments) performed the detection tasks 36 using three different viewing modes: SS, MS1, and MS2, which are defined as (1) SS: Observers were only given a central slice to make a decision. (2) MS1: Observers were given nine slices displayed sequentially. (3) MS2: Observers were given nine slices displayed simultaneously. Figure 4 shows the different viewing modes for the human observer studies. SS and MS1 used the same display [ Fig. 4(a) ]. Note that for MS1, the observers could see multislice images by scrolling. In each viewing mode, there were eight detection tasks (two signal sizes and four noise structures), which were given to the human observers in random order. Nio 3MP LED monitor (Barco, Kortrijk, Belgium) was used for image display, and there were no restrictions on scrolling speed, decision time, and viewing distance. Since our detection task was SKE/BKS, the signal location was informed to observers by providing the signal template and indicating the signal region in each image with a marker. Note that different markers were used for central slice and off-centered slices, as described in Ref. [15] . Thirty trials were used for human observer training and 100 trials were used for human observer testing. Randomly selected signal-present and signal-absent images were displayed in the human observer test and the detectability by the human observers was evaluated as the percent correct (P c ).
where N t is the number of test trials. If the observer answer was correct, o i is 1 else 0. The standard error (SE) of P c for each human observer was estimated by bootstrapping o values 1000 times, 36 and then, 95% confidence intervals were estimated by P c AE 1.96 9 SE. For the average performance, P c and SE were averaged over five human observers.
2.E. Model observer study
We used the ssCHO and msCHO models 14 to calculate the detectability in single-slice and multislice images, respectively, and two types of anthropomorphic channel (D-DOG 12 and Gabor 37 ).
2.E.1 Channels
D-DOG channels 12 are defined as
where q is the radial frequency, Q is a multiplicative factor, and r j is the standard deviation of the jth channel (r j ¼ r 0 a j ). We used ten channels with r 0 ¼ 0:005, a = 1.4, and Q = 1.67. 12 Gabor channels 37 are defined as
where ðx 0 ; y 0 Þ is the center of the channel, w s is the spatial width, f c is the center frequency, h is the orientation, and ξ is a phase factor. We used 40 channels with f c = 3/128, 3/64, 3/ 32, and 3/16 (w s = 56.48, 28.24, 14.12, and 7.06); h = 0, 2p/ 5, 4p/5, 6p/5, and 8p/5; and ξ = 0 and p/2.
37
Channel matrix T is an N c Â 64 2 matrix, where N c is the number of channels and 64 2 is the number of image pixels. Each row of T was composed of 64 2 channel vectors, which were sampled values of the inverse Fourier transform of Eq. (5) for the D-DOG channels and the sampled values of Eq. (6) for the Gabor channels.
2.E.2. ssCHO
Given image g is transformed to channelized image by
The template of the ssCHO can be computed by
where Dv is the mean difference between v of signal-present and signal-absent images, and K v is the channelized covariance matrix. For the stable estimate of the template, the number of required training images should be 10-100 times the number of channels. 38 As the number of channels was 10 for D-DOG and 40 for Gabor, more than 400 images were required to estimate the template reliably. Therefore, we used 700 image pairs to estimate the template.
Next, the decision variable to test images is computed by
2.E.3. msCHO
We used the msCHOa and msCHOb models described in Ref. [14] . For msCHOa, the template in Eq. (8) is computed for each of N s slice, and then, the template of nth slice is applied to n-th slice of training image to compute the t in Eq. (9) . To compute t, we used the same 700 training image pairs which were used to estimate the template in Eq. (8) . For msCHOb, the template in Eq. (8) is computed only for the central slice and applied to N s slices of training image to compute t in Eq. (9) . Note that N s = 9 in this study, and thus, n = 1,. . .,9. Values of t for N s slices are combined as
Using t planar , the template of msCHO is estimated as
where Dt planar is the mean difference between the t planar of signal-present and signal-absent images, and K planar is the covariance matrix of t planar . The decision variable to test images is computed by
2.E.4. The detectability by the CHO Hundred trials were carried out by the CHO in the test session. The test images were independent of the training images. In each trial, CHO calculated the decision variables of four images using Eqs. (9) and (12) for ssCHO and msCHO, respectively. The image producing the highest decision variable was determined as the answer by the CHO. We calculated the P c value using 100 trials with randomly selected images and random realization of the channel internal noise. We repeated the P c calculation ten times and then averaged the ten values.
2.F. Internal noise
When a model observer shows higher detectability than a human observer, detectability by them can be matched by adding internal noise. In this study, we added nonuniform channel internal noise to the CHO. 39 With internal noise, the CHO template of both ssCHO and msCHO in Eq. (8) is estimated by
and
where ∘ is a pixelwise multiplication operator, a is the internal noise level, and I is an identity matrix. Decision variables in Eqs. (9) and (10) are computed by
where v int is the channel internal noise. The kth element of v int is sampled from random noise such that the standard deviation is the (k, k) element of ffiffiffiffiffiffiffiffi K int p . The P c value for a CHO was calculated from ten repetitions of randomly selected test images with internal noise. The internal noise level a was determined to minimize the root-mean-square error (RMSE) in the P c values between the CHO and human observers for different signal sizes and noise structures.
To
where x is P c by a human observer, y is P c by a model observer, and x and y are the means of x and y, respectively.
RESULTS
Figs. 5(a)-5(e) show individual human observer P c values and Fig. 5(f) shows the average human observer P c value for the three different viewing modes. Table III reports the difference in P c values between the single-slice and multislice images with corresponding P-values.
Using multislice images provides higher average P c values than using single-slice images, although the differences are not statistically significant in some cases (P > 0.05). In addition, it is observed that the P c value is the highest with N2 (the longitudinal plane reconstructed with a Hanning weighted ramp filter) for both single-slice and multislice images due to its relatively low noise power compared to the other noise structures. In general, each human observer attains a higher P c for multislice images than single-slice images and the highest P c in the N2 noise structure.
Figures 6(a)-6(d) show the 2-D noise power spectra (NPS) of the four different noise structures, and Figs. 6(e) and 6(f) exhibit the corresponding one-dimensional radial NPS and a zoomed out version of it up to 1 cyc/mm (note that most of the signal energy is concentrated below this). It is shown that N2 has the lowest noise power up to 1 cyc/mm, producing the highest P c for both signal sizes. This result indicates that using a longitudinal plane reconstructed with a Hanning weighted ramp filter is more beneficial for detecting a small-sized signal (i.e., less than 2 mm diameter) with the breast anatomical background. Figure 6 (f) shows that the noise power gap increases as the radial frequency increases. As a result, the P c of the 1 mm signal varies more rapidly between the different noise structures than the P c of the 2 mm signal because the former has more energy in the highfrequency region. ------1mm signal-------------2mm signal------ ------1mm signal-------------2mm signal------ 
------1mm signal-------------2mm signal-------
SS
------1mm signal-------------2mm signal-------
SS
------1mm signal-------------2mm signal-------
Noise structure While N2 provides the highest P c for the three different viewing modes, N3 with the multislice viewing mode attains the highest P c improvement over the single-slice viewing mode, as reported in Table III . We speculate that the image correlation between adjacent slices can be a factor affecting the P c improvement, and thus, we calculate the image correlation values for different noise structures, which are summarized in Table III . The results show that images with lower image correlation yield higher P c improvement in multislice viewing mode. As our signal is fixed for different slices, a lower correlation between the slices may help to distinguish the signal more easily in multislice viewing mode. Although the P c increase with the multislice images depends on the noise structure, the relative ranking of P c for different signal sizes and noise structures is not much different between the viewing modes, as shown in Fig. 5 .
In the multislice viewing mode, it is observed that the human observer P c value is higher with MS1 than MS2 for detecting the 1 mm signal (Fig. 5 and Table IV) . While the MS1 mode allows the human observer to trace a signal in a fixed position on the screen by scrolling the multislice images, the MS2 mode requires the human observer to integrate the information from multislice images for signal detection simultaneously. Since our detection task is SKE/BKSbased, detecting a 1 mm signal on the same screen seems to be easier for the human observer. Since the 2 mm signal is spread over all nine slices, it seems that the human observer has less trouble with signal detection in the MS2 mode, and thus, the human observer P c is similar for both the MS1 and MS2 modes. Figures 7-9 show P c values of the CHO and human observers for SS, MS1, and MS2, respectively. Note that "i" at the end of CHO indicates the CHO model with internal noise. By adding internal noise, ssCHOi, msCHOai, and msCHObi with D-DOG and Gabor channels follow human observer P c values. As expected, the RMSE values are significantly reduced by adding internal noise, as reported in Table V.  Table VI contains the Pearson correlation coefficients for P c between the CHO and the human observers. The results show that CHO and human observer P c values are well correlated, and the correlation coefficients are improved in all cases by adding internal noise. For single-slice (multislice) images, Gabor ssCHOi (Gabor msCHObi) attains the lowest RMSE with the highest correlation coefficient.
Table VII summarizes the internal noise levels used to match human and CHO P c values. Internal noise levels are higher for msCHO than ssCHO, and very similar for msCHOa and msCHOb because our signal template is not varied significantly for different slices.
14, 15 The CHO with Gabor channels requires a lower internal noise level than the one with D-DOG channels, which indicates that in this study, the Gabor channels are able to capture the filtering characteristics of the human visual system more efficiently than the D-DOG channels. 15 
DISCUSSION AND CONCLUSION
We investigated the lesion detectability by a human observer on single-slice and multislice CBCT images with a breast anatomical background. The power law spectrum of mammograms was used to model the breast anatomical background, and an SKE/BKS detection task was conducted using transverse and longitudinal images reconstructed by the FDK algorithm with Hanning and Ram-Lak weighted ramp filters. Our results showed that the human observer P c value was higher for the multislice images, and the longitudinal image reconstructed by a Hanning weighted ramp filter provided the highest human observer P c value for both single-slice and multislice images. For all of the viewing modes, ssCHO and msCHO with anthropomorphic channels and internal noise followed the human observer P c values. For the msCHO models, msCHOb (msCHObi) produced lower RMSE value with the human observer P c than msCHOa (msCHOai), which indicated that msCHOb predicted the human observer performance more closely than msCHOa for our tasks. Among the CHO models, Gabor ssCHOi and Gabor msCHObi attained the highest correlation and lowest RMSE with the corresponding human observer P c values for singleslice and multislice images, respectively.
While the human observer P c values were similar between single-slice and multislice images with a uniform background, 19 the presence of the breast anatomical background caused the human observer P c to be higher for multislice images than single-slice images because it was easier for the human observer to perceive a fixed signal with background structure variations in the multislice viewing modes.
In the FDK reconstruction, the apodization filter affected the noise structure and image correlation. Since the Ram-Lak filter preserved the high frequency components of the ramp filter, the noise level of the reconstructed image was higher, but the image correlation between adjacent slices was lower compared to using the Hanning filter. A lower correlation between the image planes seems to have been beneficial in improving fixed signal detection in the multislice viewing modes. As a result, the human observer P c showed the highest improvement in the multislice images for transverse images reconstructed by a Ram-Lak weighted ramp filter. Note that the correlation between the transverse planes was lower than between the longitudinal planes since the FDK algorithm applies the reconstruction filter along the transverse direction.
For multislice viewing mode, we observed that the human observer P c depended on how the image slices were displayed. This means that the human observers might have had a different internal noise process for the different multislice viewing modes. While the msCHO model integrates decision variables directly from the multislice images, msCHO with the anthropomorphic channels predicted the human observer P c well for all viewing modes by the simple adjustment of the internal noise level.
In this study, we used a nonuniform channel internal noise model for CHO due to its good correlation with the human ------1mm signal-------------2mm signal----- ------1mm signal-------------2mm signal------ observer P c values for single-slice images. 3, 39 Although the model worked well for multislice images, the internal noise level needed to be higher in multislice viewing modes than single-slice viewing mode. Although not presented in this study, detectability by a CHO with a decision variable internal noise model 19 showed good correlation with the human observer P c , but that with a nonuniform channel, internal noise model provided even better correlation. Developing a more generally applicable internal noise model with a similar internal noise level would be an interesting topic for future research.
We generated the breast anatomical background by filtering Gaussian noise, but binarization process induced non-Gaussian statistics, which we measured using Laplacian fractional entropy (LFE). 41 The LFE was higher for the binary images than the filtered Gaussian noise. The LFE of reconstructed CBCT images was similar to that of the binary images, which showed the ability of the breast CBCT system to represent the anatomical background structure.
In this study, we did not consider physical factors such as scatter, beam hardening, and nonideal detector responses in our simulations. These physical factors reduce the object contrast, leading to lower human observer P c . However, we expect that the overall trend would remain the same. We used spherical signals to represent lesions in the present study because in a past one, the detectability from radially symmetric D-DOG channels without internal noise was even lower than that by human observers for irregular signals. 42 However, the shape of a real lesion is usually more complex, and thus, evaluating lesion detectability with real breast CBCT The lowest value in each viewing mode is indicated with the bold font. The highest value in each viewing mode is indicated with the bold font. images would require the development of a more generalized model observer. In our SKE/BKS detection task, spherical signal sizes larger than 2 mm diameter were easily detectable, so that the human observer P c was close to 1 for all noise structures and viewing modes. We judged that using a small signal size would be more effective to investigate the variation in detectability for different noise structures and viewing modes. As addressed in Ref. [32] , with breast images of the higher VGF, the P c value decreased because the attenuation coefficient of the signal was similar to that of the glandular tissue. In this scenario, using a larger signal size would be proper to evaluate the detection performance of the human observer. Given that the P c trends for 1 and 2 mm signals were similar, we expect that the overall trend would be similar for larger signals with breast images of a higher VGF.
